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Abstract  
Remotely sensed forest mapping has become an important way to meet the increasing needs for forest-cover-
associated data. However, accuracy for such products varies with the condition of forest ecosystem. In this paper, a 
support vector machine (SVM) classifier combined with autonomous endmember extraction technique was 
performed to improve the performance of machine learning in satellite land cover classification and percent tree 
cover mapping. For the study area, Pingnan County, Guangxi Zhuang Autonomous Region, China, that featured as a 
complex and fragmented subtropical forest habitat, the TM imagery was first processed with SMACC endmember 
extraction to find spectral endmembers of expected land cover classes. Secondly, the refined endmembers were input 
into SVM instead of conventional visual selection of training ROIs. The percent tree cover for the county is 53.6%, 
underestimated by 1.3% when compared with the National Continuous Forest Inventory 2004 statistics, suggesting a 
fair agreement with ground truth. The approach also shows a robust performance with an overall RMSE of 10.1.  
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Introduction
Tree cover mapping is the fundamental basis for remotely sensed retrievals of forest ecosystem 
biophysical parameters, i.e., tree stock, photosynthesis, biome and gross/net productivity. It is also an 
important variable for modelling of global biogeochemical cycles and climate [1, 2], and for assessing the 
condition of global ecosystems [3]. To meet the increasing needs for such data, attention has been drawn 
to improve the satellite information retrieval quality and accuracy by advanced intelligence processing 
techniques. In this sense, this paper employed a support vector machine (SVM) classifier combined with 
SMACC autonomous endmember extraction to examine the effectiveness of machine learning in satellite 
land cover classification and percent tree cover mapping. 
Methodology 
Study area 
The purpose of the study is to identify the performance of Support Vector Machine in interpreting 
mixed land cover classes, therefore, a complex subtropical territory, Pingnan County at southeast of the 
Guangxi Zhuang Autonomous Region, China, was chosen as the study area. It locates in latitude 23° 
2’19”-24°2’19”, longitude 110°3’54”-110°39’42”, and has a total area of 2988 km2. The northern and 
southern parts of the county are approximately covered by autochthonous coniferous/broadleaf forest and 
close shrubs, and the central area is mixture of bare soil, urban built-up, water bodies, croplands and other 
herbaceous vegetations. 
Satellite data and ancillary data 
Considering the spatial resolution fit for the study aim, the image quality, and the maximum 
reflectance of stable growing season, a Thematic Mapper (TM) imagery of year 2004 from the Landsat7 
satellite was collected as target satellite data. The selection of the target year was determined by the 
applicability of the research results validation, for the forest cover interpretation map and the 1*2km 
imagery sample plot data from the National Continuous Forest Inventory 2004 were available as ground 
reference data. Moreover, forest cover map from the Forest Management Inventory 2009 could still be 
used as ancillary data.  
The obtained TM imagery was radiometrically and geometrically corrected, therefore, the image 
mosaic of the study area was directly used as input for the subsequent SMACC endmember extraction and 
Support Vector Machine classification. The study methodology was shown in Fig. 1. 
Autonomous extracting of endmembers with SMACC 
Support Vector Machine classification, featured a supervised classification method, needs interpreter’s 
input of Regions of Interest (ROIs) to start the data training process. Conventionally, the input depends on 
interpreter’s visual selection, which may impact the results due to the mixture of ground class spectra. 
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Figure 1. Methodology for the study 
Besides the interactive pixel purity index technique, several autonomous endmember extraction 
algorithms, including ORASIS [4], N-FINDR [5] and Iterative Error Analysis (IEA)[6], have been 
developed [7].  
The three algorithms determine linear independent sets of spectra as endmembers, and the pixel 
abundances are produced after applying a common linear mixture model to all pixels. To eliminate linear 
dependence and ill-conditioned least squares solution, the obtained endmembers are generally limited to 
small number. While most multispectral data have more extreme vectors than the number of the spectral 
channels [7].  
To solve these drawbacks, the Sequential Maximum Angle Convex Cone (SMACC) method has been 
developed [7]. It sequentially enlarges the endmember set from the data vector making the maximum 
angle with the existing cone and simultaneously generates and updates abundance maps at each step. The 
mathematical representation is as follows:  
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In (1), H is the radiance in the thi spectral band of the thj pixel; n is the basis spectrum (endmember) 
index from 1 to the expansion length, N ; S is a matrix of the endmember spectra in form of columns; 
F is a matrix of expansion coefficients, indicating the fractional contribution (abundance) of each 
endmember to each pixel; and R is the error or residual matrix resulted from the computation of the 
functions. 
SMACC provides far more endmembers than previous autonomous endmember extraction approaches, 
and needs less expert knowledge and time. It is especially useful when high correlation among channels 
and pixels do not allow for un-mixing by standard techniques. 
Though this ground class identification tool, 30 spectral endmembers were primarily find in the TM 
image of Pingnan County (see Fig. 2(a)). After refinement by endmember omitting and merging with 
reference to the study purpose, 5 ground class endmembers were determined as input into the Support 
Vector Machine classification (Fig. 2(b)), they were: forest (including coniferous forest, broadleaf forest, 
mixed forest, closed shrub lands, and bamboo grove), Herbaceous vegetation (grasslands and croplands), 
bare ground (bare soil and urban built-up), water body and mountain shadow. According to the ground 
truth context, partial of the mountain shadow would be reclassified in later phase into forest by visual 
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interpretation of the SVM classified image, which is to eliminate the influence of shadow upon the 
reduction of forest area. 
Support Vector Machine classification 
The support vector machine (SVM) classifier is a supervised classification system developed on 
statistical learning theory. It explores ground classes in each pixel of remotely sensed image by extracting 
ground classes using the optimal hyperplane which maximizes the distance between the classes. The plots 
nearest to the hyperplane are identified as support vectors. SVM has excellent performance on complex 
and noisy data.  
In this study, the SVM classifier utilized the radial basis function (RBF) kernel, which fitted for most 
conditions. It is described as: 
    (a)
    (b) 
    (c) 
Figure 2. SMACC extracted spectral endmembers for  Pingnan TM image: (a) Primary 18 endmembers, (b) Maximum Relative Error, 
(c) Final 5 endmembers.  
Note: RMS Error Tolerance is 0.0; Coalesce Redundant Endmembers=0.1 
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In (2), is the gamma term in the kernel function. 
The SVM classification result is the estimated probability values of each pixel for each ground class, 
which is output as rule images. The rule images for each endmember were generated according to the 
rational that the pixel values equal to the percentage (0-100%) of channels for the endmerber. 
Classification is performed by selecting the highest probability, and areas which met the minimum 
threshold were categorized into the final classified image.  
Results 
Land cover classification and Percent tree cover map generation 
1) Contrast of land cover classification detail: one of the strong points of SVM classification is its 
clear description of class details. As is illustrated in Fig. 3, in certain RGB  
 
       
(a-1)                                           (a-2) 
       
(b-1)                                           (b-2) 
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(c-1)                                           (c-2) 
Figure 3. Contrast of SVM classification details and the false colour TM images (band 4,5,3 composition): (a) road and bare land  (b) 
small stream river (c) man-made fishpond.  
Note: “1” indicated SVM classification result image; “2” referred to TM false color counterparts (band 4,5,3 composition) 
assembly of class abundance images, roads, rivers and the edges of the man-made fishponds and the 
bare land etc. were explicitly demonstrated. 
2) Percent tree cover map: To cast further insights into the geographical pattern of the forest density, 
a new classification image was created by the forest endmember rule image (see Fig. 5). In this percent 
tree cover map, the percent tree cover was defined as the percentage of forest area in each pixel and 
described in strata form.  
In Table I, the 3 percent tree cover strata, namely the 0.10-0.40 stratum, the 0.41-0.70 stratum and the 
0.71-1.00 stratum, take up 21.5%, 20.4% and 11.7% of the area of county respectively, and the overall 
percent tree cover is 53.6%, underestimated by 1.3% compared to the National Continuous Forest 
Inventory 2004 statistics. The northern and southern mountainous regions were mostly covered by the 
dense forest, while the central area possessed little forest due to human activity and urban development 
disturbance.  
Evaluation
Ground reference data sampling: Accuracy analysis was conducted to evaluate the performance of the 
SMACC-based SVM classifier. A sample of 100 ground reference training plots was automatically 
selected on the forest map of the National Continuous Forest Inventory 2004 and was matched to the 
spectral means of the corresponding 2*2 pixels (60m*60m) in the TM image. The sampling strategy was 
assumed to represent geographical homogeneity. 
The overall root mean square errors (RMSE) for the SVM percent tree cover estimation was computed 
based on the ground reference data set. As is shown in Table I, The RMSE value is 10.1%, indicating the 
satisfactory performance of the SMACC-based SVM classifier. 
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Figure 4. Forest cover map of Pingnan derived from SMACC-based SVM 
TABLE I forest cover of pingnan county 
Percent tree cover  strata Percent tree cover (%) 
0.10-0.40 21.5 
0.41-0.70 20.4 
0.71-1.00 11.7 
Overall percentage 53.6 
Overall RMSE 10.1 
Conclusion and discussion 
This study was to examine the performance of support vector machine classifier combined with 
SMACC autonomous endmember extraction technique in improving the forest cover estimation accuracy 
in a context of complex and fragmented land cover condition.  
 In a context of complex subtropical forest in southeast China, the TM imagery of Pingnan County, 
Guangxi Zhuang Autonomous Region, was processed with SMACC endmember extraction technique to 
autonomously select spectral endmembers of expected land cover classes. Those endmembers were used 
as input into Support Vector Machine instead of traditional visual selection of input training ROIs. The 
result proved that SVM classifier was superior in class detail interpretation, and it particularly suited 
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small sample size training data occasions, which complemented the output characteristics of SMACC 
method.  
The percent tree cover for the county is 53.6%, underestimated by 1.3% when compared with the 
National Continuous Forest Inventory 2004 statistics, suggesting a fair agreement with ground truth. The 
approach also shows a robust performance with an overall RMSE of 10.1. 
Still, effort should be made to further investigate the SVM classification rules and thresholds. 
Moreover, how to enlarge the endmember sample size of SMACC output to better represent the spectral 
variation of land cover classes is a key issue in the future study. 
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